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Abstract : The personality of a person plays a major role in his/her life. A person’s personality tells what kind of person he is and his
behavioral aspects. The personality of a particular person should be described and it is necessary to tell them about their personality
different organization helps to perform personality analysis. Personality analysis can be done using machine learning (ML) algorithms
where we can analyze the personalities of various persons.

IndexTerms -: XGBoost, LogisticRegression, SVM, MBTI, Ensembling Learning, Python.

INTRODUCTION

Personality analysis helps a person to know one’s behavioral aspects it plays a vital role in our day-to-day life here, it contains data from
various social media platforms like Facebook, Youtube, and Instagram, this data helps to analyze people’s personalities where different
machine learning algorithms are used one can make predictions of the particular person.XGBoost and Logistic Regression are two major
algorithms that are used to analyze personality accuracies and the percentage of people from a particular personality. MBTI personality
dataset is used to analyze the personality which categorizes individuals into one of 16 personality types based on their preferences in
four different dichotomies: extraversion (E) vs. introversion (I), sensing (S) vs. intuition (N), thinking (T) vs. feeling (F), and
judging (J) vs. perceiving (P).

REVIEW OF LITERATURE.

Data sources: social media posts, written responses to personality questionnaires, and speech transcripts have been used as data sources
in this MBT]I datasets social media posts have shown to be a promising data source due to their large volumes and easily accessible
Machine Learning algorithms: Various Machine Learning algorithms have been used to analyze personalities such as decision trees,
random forests, and neural networks. Ensemble learning methods such as stacking, bagging, and xgboost have been used to improve
model performance.

Model evolution: Various metrics such as precision, recall, and F1 score have been used to evaluate the model’s performance. cross-
validation has been used to ensure the model’s generalizability.

Feature engineering: Feature engineering is a critical step in personality Analysis projects. Text-based features such as word frequency,
word embeddings, and sentiment analysis have been used as input features. Non-text-based features such as age, gender, and education
level have also been used

RESEARCH METHODOLOGY

Data collection: the data is collected from various social media platforms and is generated by the MBTI dataset it is a famous dataset
that is used to analyze personality.

Data preprocessing: Clean and preprocess the data by removing irrelevant information, converting text to lowercase, or removing
accents Convert the data into a format that can be used by machine learning algorithms, such as a numerical representation and other
irrelevant symbols and other syntax errors using regular expressions.

Feature engineering: extracting meaningful features from the data, such as word frequency, sentiment analysis, or syntactic features.
Model selection: select the appropriate machine learning algorithm based on the characteristics of the data. common algorithms include
decision trees, logistic regression, support vector machines, neural networks, XGBoost

Model training: train the model using a training dataset.use cross-validation techniques, such as k-fold cross-validation, to ensure the
model’s generalizability and make it accurate.

Model evaluation:

Calculating the model’s performance using various metrics such as accuracy, precision, recall, and F1 score

relationship between interest rate and stock returns. Nguyen (2010) studies Thailand market and found thatInterest rate has aninverse
relationship with stock prices.
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IV. RESULTS AND DISCUSSION
The data collected gives you the percentage of different personalities present in the given MBTI dataset
Figure -1: shows the percentage of different personalities present in the given dataset.
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Calculating the accuracies of personalities using two different algorithms Logistic Regression and XGBoost.
Wlogistic Regression Results:

precision  recall fl-score support

ENEY 0.42 0.12 0.19 i
ENEP 0.72 0.60 0.66 125
ENTJ 0.1 0.36 0.48 i
ENTP 011 0.58 0.64 135

ESEJ 0.00 0.00 0.00 1
ESEP 0.00 0.00 0.00 §
ESTY 0.00 0.00 0.00 1
ESTP 1.00 0.13 0.24 15
INFJ 0,65 0.69 0.67 288
INFP 0.61 0.86 0.7 mn
INTJ 0.62 0.72 0.67 193

INTP 0.69 0.82 0.75 29
ISR 1.00 0.27 0.42 45

I5FP 0.75 0.23 0.35 53

I8 0.69 0.25 0.37 i

ISTP 0.7 0.45 0.56 §1
accuracy 0.65 1735
TAcko avg 0.58 0.3 0.42 1735
welghted avg 0.66 0.65 0.63 1735
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AGBoost Resultas

precision  recall fl-score support

ENET 0.60 0.22 0.32 i1
ENED 0.63 0.60 0.62 125
ENTJ 0.58 0.43 0.49 4
ENTP 0.62 0.62 0.62 13
ESFJ 1.00 0.20 0.44 1
ESFP 0.00 0.00 0.00 8
ESTJ 1.00 0.2 0.44 1
ESTP 0.89 0.53 0.67 15
INEJ 0.67 0.66 0.66 268
INFP 0.65 0.61 0.72 n
INTY 0.65 0.73 0.69 193
INTP 0.72 0.7 0.75 293
ISET 0.7% 0.48 0.60 4
ISP 0.76 0.55 0.64 53
1817 0.7 0.55 0.64 4
ISTR 0,71 0.63 0.67 o7

aceuracy 0.67 1735
Macro avg 0.69 0.51 0.56 1735

veighted avg 0.61 0.6 0.67 173

Table 1. Comparison of the algorithms for calculating accuracies
The graphical representation of the accuracies of the algorithm'’s logistic regression and boost.
Fig -1: model accuracy comparison

Model Accuracy Comparison
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. CONCLUSION

the personality Analysis project aims to predict a person's Myers-Briggs Type Indicator (MBT]I) personality type based on their social
media activity. While the project has the potential to be interesting and informative, there are some potential concerns to consider. For
example, the accuracy of personality prediction based on social media activity is not well-established, and there is a risk of perpetuating
stereotypes and biases if the predictions are not based on sound scientific evidence. Additionally, there are ethical considerations around
the use of social media data, including issues of privacy and informed consent. It's important to ensure that any data used in the project
is obtained.
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